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Abstract: Although the risk management of agricultural firms is important, studies on the extreme
risk dependence among agribusiness firms are minimal due to the diversity and complexity of the
risks faced by agricultural firms. In this study, we developed a hybrid approach to analyse and
uncover the potential risk dependence among agricultural firms. We examined thirty-two agricultural
companies to study their dependence structure for risk losses. Three primary findings emerged.
First, risk dependence is strong with an average value of 0.96. Second, the dependence structure
is hierarchical and includes two network communities. Third, some key agricultural firms were
identified in the dependence structure. These key firms are critical for the transmission of negative
impacts across agricultural firms. Correspondingly, we suggest measures and strategies (such as
improving the level of technological innovation and joint risk resistance capability) to reduce the
impact of risk dependence.
Keywords: risk losses; dependence structure; copula; minimum spanning trees; agribusiness
1. Introduction
Agriculture is a vital sector in China since it is the foundation for supporting the national economy
and peoples’ livelihoods. The agricultural sector is in a period of major change and transition called
the industrialization of agriculture, and this transition is an important strategy for China’s future
development. Agricultural firms play a very important role in adjusting China’s agricultural structure
and speeding up agricultural industrialization [1]. Since the external and internal risks faced by
agricultural firms are complex and varied, agricultural firms have greater exposure to risks than firms
in other industries [2,3]. Although agricultural firms are important, the study of risk management of
agricultural firms has been minimal due to the diversity and complexity of risks faced by agricultural
firms, especially the risk dependence relationship among agribusiness firms [4–6]. As a decision
maker or policy maker, avoiding the transmission of negative impacts across agricultural firms and
ensuring the stability of the agricultural economy have identical importance for increasing the profits
of firms [7].
Due to the complexity and difficulty of coping with risks faced by agricultural firms, current
research has mainly focused on firm performance, equity financing, competitiveness, agricultural
subsidies, social responsibility, and green agriculture [8–13]. Regarding risk analysis, some methods
and approaches have been proposed and applied to agricultural firms [2–4,14,15]. Furthermore,
several particular types of risks faced by agricultural firms have been studied [14,16,17]. It is obvious
that the operational activities of agricultural firms are affected by natural factors and influenced by
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technological, economic, political, and marketing factors [2]. Since risks might be interconnected and
difficult to isolate, isolated risk evaluation and analysis methods are ineffective, and the methods
themselves cause new risks [2,3,14]. Moreover, whether there is a dependent relationship between the
risk losses of two agricultural firms is rarely considered and is unknown. Therefore, a comprehensive
and systematic method is needed to examine the dependent relationships among agricultural firms
and the stability of the agricultural economic system from the perspective of the dependence of losses.
To accomplish this, two critical issues must be addressed. The first is to measure the dependence
between the risk losses of two agricultural firms. Since the distributions of risk losses vary from risks,
traditional methods such as Pearson correlation coefficients are not sufficient to address the nonlinear
dependence of losses. Hence, modelling with nonlinear and non-Gaussian dependence structures is of
great interest to many researchers. Particularly, Copula-based models have recently attracted a fair
amount of attention due to their applicability and flexibility [18,19]. Therefore, we utilized the copula
method to capture the nonlinear and asymmetrical relationship among agricultural firms. In fact,
agricultural firms can handle most risks within their risk management frameworks. However, they
can do little regarding the extreme risk in which the probability of a risky event is very low, but the
consequences are huge and exceed their coping ability. As a result, the negative impact is more likely
to spread among agricultural firms. In this extreme situation, the acquisition of a risk dependence
structure is more important and urgent. Therefore, we adopted the Extreme Value theory (EVT) to
address huge losses in extreme situations. In this paper, we used the Peaks-Over-Threshold (POT)
model, which is more useful and popular in EVT. Furthermore, over the past years, an increasing
number of domestic and foreign scholars have adopted the Copula function and EVT for researching
the problem of risk spread [20]. Hence, it is useful to study the Copula theory and EVT together to
evaluate the extreme risk dependence among agricultural firms. More precisely, we characterized the
dependence of risk losses using the POT model of EVT and the Frank Copula function of Copula theory.
Once the dependence coefficient of risk losses is obtained, we can understand any two firms’
dependent relationship. However, the dependence coefficient is insufficient to reveal the stability of an
agricultural economic system by considering only the risk dependence of two firms. We stress that
understanding the stability of the agricultural economic system is more important than only focusing
on two firms. It is important to obtain a general understanding and a visual representation of the
dependency structure of risk losses of all firms in the agricultural economic system. Therefore, we
constructed a network based on the dependency structure of risk losses, and captured the topological
features of the agricultural system. Furthermore, since the network we obtained is fully connected,
Minimum Spanning Trees [21] were used in this paper to mine the most likely dependent path of risk
losses among agricultural firms and supporting managers with detection, prediction and prevention
of the potential influence on each other.
Agricultural listed companies are the most representative and competitive agricultural firms. The
stock price is considered a comprehensive reflection of a listed company and is able to explain the
aggregate impact of various risks (such as terrorism risk and natural disaster risk) on firms [22–24].
Therefore, we took the thirty-two agricultural listed companies as examples to study the dependency
structure of risk losses by utilizing stock return data. The contribution of this study lies in the fact that
we developed a hybrid approach to explore the risk dependency structure among agribusiness firms.
More specifically, we calculated the dependency coefficient by utilizing the Copula theory and EVT.
Then, we analysed the characteristics of the dependency structure by utilizing the Minimum Spanning
Trees and community structures of the network theory. Finally, the experimental results are presented
in both macroeconomic and microeconomic views, providing evidence of the risk relationship between
agricultural firms in China. The rest of this paper is organized as follows. Section 2 provides a literature
review of research work on the risk management of agricultural firms and dependency modelling
methods. Section 3 elaborates on our method, details the implementation and obtains the dependency
coefficient and the potential dependency path of risk losses. Section 4 presents the analysis and results
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from thirty-two agricultural companies in China. Theoretical and managerial implications are analysed
in Section 5. Conclusions and limitations are given in Section 6.
2. Literature Review
2.1. Risk Management of Agricultural Firms
Generally, agribusiness firms (or agricultural firms) refer to those companies whose operations
and activities are related to agricultural supply (e.g., seed, fertilizer, and agricultural machinery),
production (e.g., farming and fishing), processing (e.g., agri-products and food manufacturing),
marketing and consumption. While the risk of agricultural firms encompasses a variety of deviations
from expected results and targets, risk is caused by uncertainties from many aspects [5,6]. The external
and internal risks faced by agricultural firms are complex and varied and need to be identified and
analysed. We can measure and assess risks only after a comprehensive and accurate identification
of risks. Then, we can choose the proper approaches to respond to the risks. Some risks faced by
agricultural firms have been identified by some scholars. For instance, according to the United States
Department of Agriculture’s Risk Management Agency, five primary categories of risk are defined,
including production, marketing, finance, legal, and human risks [25]. Girdžiu¯te˙ [2] states that the
main risk types in agriculture include production, credit, personal, political, and economic risks. Note
that the specific definitions and measurement models of risks are different due to the various types of
risk factors. For instance, drought disaster risk might refer to the probability and severity of reduced
production or profits induced by a drought disaster. Zhang et al. [3] distinguished some concepts of
risks for agricultural firms, such as strategic risk, market competition risk, price risk, and natural risk.
Once we identify the risk, we can conduct risk measurement and evaluation. Some methods of
risk evaluation can be used in agriculture, such as the Event Tree analysis (ETA), Fault Tree analysis
(FTA), Delphi Technique, Value at Risk (VaR), and Variation–covariation method [2]. In addition, some
frameworks and methods are also proposed for individual risk assessment [4,26]. The majority of
methods focus on natural risks since, compared with other non-agricultural firms, agricultural firms
suffer more natural risks (e.g., drought, frost, hail, abnormal coldness, excess rain, etc.). However, it
is difficult to isolate different types of risks since risks influence and interact with each other. This
makes isolated risk management methods ineffective, and even the methods themselves might cause
new risks. To better conduct agricultural risk management, some risk management frameworks
have been employed and proposed, especially integrated risk assessment methods [2,27]. Some
scholars [2,3,14] have realized that individual risk assessment is widely analysed while integrated risk
assessment is limited. These authors also stated that integrated risk assessment can identify more
than one risk and lead to a greater decision-making efficiency. For instance, Zhang et al. [3] employed
factor analysis to optimize the evaluation index system of agricultural firms’ risks. Wang et al. [14]
developed an evaluation index system for the investment risk of agricultural firms by utilizing a
Fuzzy comprehensive evaluation method. Girdžiu¯te˙ [2] presented a logical framework of integrated
risk evaluation in agriculture. However, the main concerns of these aforementioned studies lack the
dependency analysis of risks to reveal how these risks are related to each other. Meanwhile, whether
there is a dependent relationship between the risk losses of agricultural firms is rarely considered,
especially in the extreme situation.
2.2. Proposed Methods
A dependent relationship between the losses of agricultural firms is rarely considered.
Mu et al. [28] calculated the tail dependency of agricultural companies in Shanghai and Shenzhen
using the non-parametric estimation method. You and Ando [29] proposed a statistical modelling
methodology for the analysis of the term structure of credit risk and its dependency. They
apply a dimension-reduction technique and use a dependency matrix to model the correlation
structure. However, their main concern was the dependency of two markets without considering the
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dependency structure of the agricultural economic system from a standpoint of associated systems.
Regarding the measurement of the dependency between risks, traditional methods include correlation
coefficients. However, correlation is only a measure of linear dependence and suffers from a number of
limitations [30,31]. Some scholars have indicated that failure to properly characterize the relationship
and inter-dependence of multiple risk factors can have severe consequences [32]. Therefore, some
measures for nonlinear dependence are required.
The Copula theory can exactly capture nonlinear and asymmetrical correlations among variables.
In addition, the EVT can directly model the tails of the distribution to avoid the problem of the
population distribution hypothesis. An increasing number of domestic and foreign scholars have
adopted the Copula theory and EVT for research on the problem of risk spread and dependency.
Longin and Solnik [33] examined the correlation between the stock returns of developed countries
by tail dependence using the Extreme Value theory. Hartmann et al. [34] utilized the correlation of
extreme values to measure the correlation between main industrial countries’ stock market and bond
market in times of crises. Aloui et al. [19] used the Copula theory to test the contagion in Brazil, Russia,
India, China and the US (BRICs) caused by the sub-prime mortgage crisis in America. Patton [18]
reviewed Copula-based models for economic and financial time series. Hu et al. [20] established an
EVT-Copula-CoVaR model to examine the dynamic correlation and spillover effect between banking
and real estate. Xu and Yu [35] investigate the risk dependence structure between the Shanghai
Shenzhen 300 index and the portfolio index of ETFs using a mixed copula approach. Based on the
literature, we see that risk dependency is widely studied in the field of financial research, especially
for financial risks and credit risks. However, most studies focus on financial sectors or institutions,
whereas agricultural sectors and firms have received relatively less attention.
From the network perspective, a risk dependency structure among agricultural firms can be
expressed as a network structure where nodes represent different economic agents (firms, industries,
sectors, or countries), and links represent their risk dependency [36,37]. The Minimal Spanning Tree
method and the threshold method are two main network construction methods. Mantegna [38] defines
the distance between nodes based on correlation coefficients between stocks and builds a financial
network using Minimum Spanning Trees for the first time . Brida and Risso [39] proposed the use of
symbolic time series analysis to construct a minimal spanning tree in which each stock is represented
by a binary time series of volumes and closing prices. Junghoo Lee et al. [40] established a stock
network by using intra-day volume data from the Korean stock market and studied the relationship
between market volatility and network properties, found a strong negative correlation between market
volatility and network density. The literature on Minimum Spanning Trees shows that it is a popular
way to describe the dependency of risks, especially in financial markets. Many scholars argue that,
when affected by various factors, financial risks will spread in financial markets, trigger a large-scale
price fluctuation and even destroy the stability of the financial system [41,42]. Therefore, we argue
that network-based approaches can provide intuitive representations that describe interdependencies.
Furthermore, Minimum Spanning Trees can help us find the most likely and important loss dependency
structures among various agricultural firms.
3. Methodology
Agricultural risks, in particular risk dependencies, are characterised by nonlinearities, diversity
and other complex features. However, most current research focuses on linear relationships without
considering the nonlinear relationships, especially nonlinear relationships in the context of extreme
situations [43]. The Copula method can effectively describe and address nonlinear relationships,
while Extreme Value theory can depict the characteristics of extreme situations. In addition, network
methods can provide an intuitive description of complex systems. Minimum Spanning Trees can
further mine the key information in a network. Therefore, to explore the risk dependency structure
among agribusiness firms, we developed a hybrid approach that integrates the advantages of these
methods. The proposed methodology is implemented through three steps, including defining the
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extreme risk dependence, estimating the dependency coefficient between two agricultural firms, and
constructing the loss dependency structure within the agricultural economic system.
3.1. Definition of Extreme Risk Dependence
In general, risk involves gains and losses. The risk of losses is what we are concerned with in this
paper, and it highlights the negative impact of unwanted events (risk accidents) on agricultural firms.
We assume that the losses of one agricultural firm i are denoted by Li and are calculated by
Li = L1i + L
2
i + · · ·+ LDi , (1)
where D represents the total number of risk types, including operational risks, market risks, credit
risks, and others. Ldi represents the losses of agricultural firm i induced by a risk accident d and is
expressed by
Ldi = ωriskji
γi(k) +
D
∑
j 6=d
ρ
riskjirisk
d
i
γi(k), (2)
where γi(k) is the expected result or target of agricultural firm i. ωriskji
represents the contribution of
the risk event j on the expected result of the agricultural firm i. ρ
riskjirisk
d
i
represents the dependency
measurement of two risks j and d. Then, the dependency between the risk losses of two firms Li and
Lj is denoted by rMi Mj , which can be described by their joint distribution function:
γMi Mj = F
(
Li, Lj
)
= P[Xi > Li, Xj > Lj]. (3)
Here, notably, the Li that we considered is the extreme value of losses rather than normal losses.
In other words, we consider the dependency of losses in an extreme situation where the occurrence
probability of the risky event is very low, but the consequences are huge and exceed the firm’s coping
capabilities. From a combination of macroeconomic and microeconomic perspectives, we obtained
a matrix for the dependency structure Rij for any two agricultural sectors i and j. Then, the matrix
R involving all agricultural firms in the agricultural economic system could be characterized by the
classification of agricultural sectors. We assume that the agricultural economic system involves N
agricultural sectors or industries. Each agricultural sector has Mi agricultural firms, i = 1, 2, . . . N.
Then, Rij and R are obtained from the integration of firms performing in sectors i and j. They are
expressed as follows:
Rij =

r11 r12
r21 r22
· · ·
. . .
r1Mj
r2Mj
...
...
. . .
...
rMi1 rMi2 · · · rMi Mj
, (4)
R =

R11 R12
R21 R22
· · ·
. . .
R1N
R2N
...
...
. . .
...
RN1 RN2 · · · RNN
. (5)
3.2. Measurement of Loss Dependence Based on Copula and POT Models
Since the dependency of losses is usually nonlinear, instead of using Pearson’s correlation
coefficient, we utilized Kendall’s rank coefficient τ calculated by Copula to measure the dependency
of losses between agricultural firms k and q, where k = 1, 2, . . . , Mi, q = 1, 2, . . . , Mj, and τkq = rkq. The
coefficient τkq was estimated based on the Copula and POT models. To simplify the deductive process,
let Xi = Li be the losses of agricultural firm i with the distribution function Fi(xi), i = 1, 2, . . . N. For
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any two firms i and j, the joint distribution of extreme values Xi and Xj (xi > ui and xj > uj) can be
defined by using the copula function as follows:
F
(
xi, xj
)
= C
(
Fi(xi), Fj
(
xj
))
, (6)
where F
(
xi, xj
)
is the joint distribution function of Xi and Xj and Fi(xi) = 1− Fi(xi) = 1− P{Xi ≤ xi}.
Differentiating the above equation with respect to all variables, we obtain the probability density
function f
(
xi, xj
)
:
f
(
xi, xj
)
= c
(
Fi(xi), Fj
(
xj
)
; κ
)
fi(xi; ξi, βi) f j
(
xj; ξ j, β j
)
, (7)
where fi is the probability density function associated with the marginal distribution Fi. c is the copula
probability density function given by
c
(
Fi(xi), Fj
(
xj
))
=
∂2
∂Fi(xi)∂Fj
(
xj
)C(Fi(xi), Fj(xj)). (8)
Since Kendall’s rank correlation τ is invariant under monotonic nonlinear transformations of the
underlying variables, its definition can be written in terms of the copula C associated with F. That is,
τ = 4
∫
CdC− 1. (9)
To obtain the dependence of the extreme values τ, we need to know the Fi(xi) and the
formation of the copula function. First, we consider Fi(xi). We denote Fui (yi) as the conditional
probability distribution of the excess values of Xi over the corresponding threshold ui, where
yi = xi − ui and yi ≥ 0. Therefore, given a high threshold ui, the Fui (yi) is defined by Fui (yi) =
P(Xi − ui ≤ yi|Xi > ui) = F(ui+yi)−F(ui)1−F(ui) =
Fi(xi)−F(ui)
1−F(ui) , xi ≥ ui. This equation represents the
probability that the value of Xi exceeds the threshold ui by yi, given that Xi exceeds the threshold
ui. Then, we can get Fi(xi) = Fui (yi)(1− F(ui)) + F(ui), xi ≥ ui and Fi(xi) = 1 − Fi(xi) =
1 − Fui (yi)(1− F(ui)) − F(ui) = F(ui)(1− Fui (yi)) = F(ui)Fui (yi), where F(ui) = 1 − F(ui) and
Fui (yi) = 1− Fui (yi). If we know F(ui) and Fui (yi), we can get the distribution Fi(xi). F(ui) is a
formula for the probabilities of extreme values.
Now, we recall the copula function. Here, we used a one-parametric Frank copula, which is
C(u, v; δ) = −1
δ
ln
(
1+
(
e−δu − 1)(e−δv − 1)
e−δ − 1
)
, (10)
where δ ∈ [0,∞), u = Fi(xi), and v = Fj
(
xj
)
. The density of the Frank copula is:
c(u, v; δ) =
δ
(
1− e−δ)e−δ(u+v)[
1− e−δ − (1− e−δu)(1− e−δv)]2 . (11)
Then, the τ based on the Frank copula can be given by
τK = 1+
4[D1(δ)− 1]
δ
, (12)
where D(·) is the Debye function given by Dk(α) = kαk
∫ α
0
tk
exp(t)−1 dt, k = 1, 2.
Regarding Fu(y), some studies [44,45] show that, for a sufficiently high threshold u, the
distribution function of the excess may be approximated by the generalized Pareto distribution (GPD).
When the threshold gets large, the excess distribution Fu(y) converges to the GPD. Hence, we assumed
that, for a sufficiently high threshold u, the distribution function of the excess is approximated by the
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generalized Pareto distribution (GPD). Let yi = xi − ui. Then, the excess distribution Fui (xi − ui)Fui (yi)
is defined as
Fui (yi) =
1−
(
1+ ξβyi
)− 1ξ , ξ 6= 0,
1− e−
yi
β , ξ = 0,
(13)
with
yi ∈
[0,∞), i f ξ ≥ 0 ,[0,− βξ ], i f ξ < 0 . (14)
Then, we can obtain Fui (yi)
Fui (yi) =

(
1+ ξ yiβ
)− 1ξ , ξ 6= 0 ,
e−
yi
β , ξ = 0 .
(15)
In this paper, we assume that the probabilities of the extreme values are
F(ui) =
Nui
ni
, (16)
where ni is the number of observations for firm i. Nui is the corresponding number of observations
that exceed the threshold. Then, we can get Fi(xi):
Fi(xi) =

Nui
ni
(
1+ ξ xi−uiβ
)− 1ξ , ξ 6= 0,
Nui
ni
e−
yi
β , ξ = 0.
(17)
We stress that this formula is only valid for xi > ui. Furthermore, the density distribution of the
GPD is
fui (yi) =

1
β
(
1+ ξ yiβ
)− 1ξ−1, ξ 6= 0,
1
β e
− yiβ , ξ = 0.
(18)
Then, we can get the density function f i(xi):
f i(xi) =

Nui
ni
1
β
(
1+ ξ xi−uiβ
)− 1ξ−1, ξ 6= 0,
Nui
ni
1
β e
− xi−uiβ , ξ = 0.
(19)
The parameters φ, δ, ξ and β can be estimated by using the Maximum Likelihood Estimation. The
log-likelihood function of the joint probability density function f
(
xi, xj; φ
)
takes the form
ln f
(
xi, xj; φ
)
= ln c
(
Fi(xi), Fj
(
xj
)
; δ
)
+ ln f i(xi; ξi, βi) + ln f j
(
xj; ξ j, β j
)
. (20)
Here, we follow Patton’s work [46] and use the Multi-Stage Maximum Likelihood (MSML)
estimation to separately maximize the parameters for the copula and margins. The MSML estimators
are defined as
φˆ ≡ [δˆ, ξˆi, βˆi, ξˆ j, βˆ j], (21)
[ξˆi, βˆi] ≡ argmax
2
∑
i=1
ln fi(xi; ξi, βi), i = 1, 2, (22)
δˆ ≡ argmax ln c(Fi(xi), Fj(xj); δ). (23)
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The determination of a threshold value u is the crucial step. In this paper, we use a combination
of the Mean Excess Function (MEF) plot and the Hill plot to determine u. For a given sample, the
Mean Excess Function is defined as follows: e(u) = E(X− u|X >u), e(u) = (1/Nu)∑Ni=1(Xi − u)+
and ∑Ni=1(Xi − u)+ = ∑Ni=1 Xi − u if Xi ≥ u. Otherwise, ∑Ni=1(Xi − u)+ = 0, where Nu represents the
number that exceeds the threshold. According to the above equation, we generally construct the mean
excess plot (Xi,n, en(Xi,n)),2 ≤ i ≤ n, where Xi,n denotes the ith order statistic. Let X(1) > X(2) >
· · · > X(n) be the order statistics with independent and identical distributions. The Hill estimator
Hk,n is defined by Hk,n = 1k ∑
k
i=1 ln
X(i)
X(k) . Then, a Hill plot is obtained that is a plot of the points{(
k, H−1k,n
)
, 1 ≤ k ≤ n
}
. Threshold u is selected based on the stable portion that has a linear trend.
Therefore, the u in this paper is obtained by the average of X(k) and XNu ,n such that u =
X(k)+XNu ,n
2 .
After determining a high threshold u, we can estimate all the parameters by using the MSML
according to Equations (21)-(23). In particular, the natural logarithm of the likelihood function
(log-likelihood function) is
L
(
ξ, β; xi, xj
)
=
ln
Nui
ni
+ ln
Nuj
nj
− 2 ln β−
(
1
ξ + 1
)[
ln
(
1+ ξ xi−uiβ
)
+ ln
(
1+ ξ
xj−uj
β
)]
, ξ 6= 0
ln
Nui
ni
+ ln
Nui
ni
− 2 ln β− (xi−ui)+(xj−uj)β , ξ = 0
(24)
3.3. Dependence Structure of Losses Based on Network and Minimum Spanning Trees
After we get Rij and R according to Sections 3.1 and 3.2, we can further analyse the dependency
structure by utilizing the network method. Since coefficients cannot be directly applied to a network,
we agree with Gower’s and Ross’s point [21] and introduce a concept of distance in which we assume
that the distance will be smaller if the dependency coefficient τ is bigger. Thus, the distance between
the two firms is denoted as
dkq =
√
2
(
1− τkq
)
. (25)
The distance between two sectors dij is denoted as the average of dkq such that
dij = E(dkq
∣∣∣k ∈ Mi, q ∈ Mj) . Thus, a distance matrix Ddistance is extracted. Having transformed these
dependency coefficients into distance, we are able to construct a fully connected network. It is obvious
that the fully connected network is not sufficient to directly reflect the key information. Therefore, we
used Prim’s algorithm proposed by Jarnik in 1930 [47] to obtain a Minimum Spanning Tree. We assume
that a smaller distance results in a bigger probability for the transmission of risks. In other words, the
probability that firm or sector j suffers economic losses given that firm or sector i suffers economic
losses would be bigger when the distance is smaller. As a result, a more probable dependency structure
of risk losses among agricultural firms is obtained.
4. Empirical Study
4.1. Background
As leaders of agricultural firms, listed agricultural companies have the advantages of capital,
technology and management that are helpful for adjusting agricultural structures in China and
speeding up agricultural industrialization. Thus, listed agricultural companies are more important.
Therefore, we selected China’s 32 listed agricultural companies to examine their extreme risk loss
dependency structure. According to the Industry Classification of Listed Companies issued by the
China Securities Regulatory Commission (The Industry Classification of Listed Companies is issued by
the China Securities Regulatory Commission to improve the information quality in the stock market
and standardize the industry classification information of the listed companies.), these agricultural
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companies are categorized into four agricultural industries: the agriculture industry, forestry industry,
animal husbandry industry and fishery industry. Table 1 reports the selected agricultural companies.
According to the Center for China Financial Research (CCFR) at the University of Hong Kong,
the stock price of a firm is a comprehensive reflection of the company’s future profits. Some studies
also have proven that stock prices are able to effectively explain the total impact of various risks on
firms [22–24,48–50]. Therefore, we assume that the stock returns of the listed agricultural companies
could be considered an aggregated result of various risks on agricultural firms. We then calculated the
risk losses based on stock asset returns. The risk losses of an agricultural firm were calculated by
Li = 100× (1− exp(γi(t))), (26)
where γi(t) is the daily stock return, γi(t) = ln(Pt/Pt−1), and Pt is the adjusted daily closure price on
day t.
Table 1. Agricultural listed companies and corresponding industries.
Industry Ticker Symbol Security
Agriculture
000998 Yuan Longping High-Tech Agriculture Co., Ltd.
002041 ShanDongDenghai Seeds Co., Ltd.
300087 Winall Hi-Tech Seed Co. Ltd.
600108 Gansu Yasheng Industrial Group Co., Ltd.
600313 Zhongnongfa Seed Industry Group Co., Ltd.
600354 Gansu Dunhuang Seed Co., Ltd.
600359 Xinjiang Talimu Agriculture Development Co., Ltd.
600371 WanXiang Doneed Co., Ltd.
600506 XinJiang Korla Pear Co., Ltd.
600540 Xinjiang Sayram Modern Agriculture Co., Ltd.
600598 Heilongjiang Agriculture Co., Ltd.
601118 China Hainan Rubber Industry Group Co., Ltd.
Forestry
000592 Zhongfu Straits (Pingtan) Development Co., Ltd.
002200 Yunnan Yuntou Ecology and EnvironmentTechnology Co., Ltd.
600265 Yunnan Jinggu Forestry Co., Ltd.
Animal Husbandry
000735 Luoniushan Co., Ltd.
002234 Shandong Minhe Animal Husbandry Co., Ltd.
002299 Fujian Sunner Development Co., Ltd.
002321 Henan Huaying Agricultural Development Co., Ltd.
002458 Shandong Yisheng Livestock and Poultry BreedingCo., Ltd.
002477 Chuying Agro-pastoral Group Co., Ltd.
002505 Hunan Dakang International Food and AgricultureCo., Ltd.
300106 Xinjiang Western Animal Husbandry Co., Ltd.
600965 Fortune Ng Fung Food (Hebei) Co., Ltd.
600975 Hunan New Wellful Co., Ltd.
Fishery
000798 CNFC Overseas Fisheries Co., Ltd.
002069 Zoneco Group Co., Ltd.
002086 Shandong Oriental Ocean Sci-Tech Co., Ltd.
002447 Dalian Yi Qiao Sea Cucumber Co., Ltd.
300094 Zhanjiang Guolian Aquatic Products Co., Ltd.
600097 Shanghai Kaichuang Marine International Co., Ltd.
600257 Dahu Aquaculture Co., Ltd.
4.2. Data Collection
The data set of daily adjusted closure prices was downloaded from the Yahoo Finance web
service, which offers daily historical data for the prices of stocks traded in various markets. The
historical data from Yahoo Finance present information about the volume of stocks traded; the highest,
lowest, opening, and closing values; and an adjusted closing value that provides the closing price
(on the requested day, week, or month for any stock) adjusted for all applicable splits and dividend
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distributions. The data cover the period from 4 January 2011 to 30 December 2016. The descriptive
statistics of daily losses are shown in Table 2. All the series fail to pass the Jarque–Bera normality test,
which means that the normality hypothesis can be rejected. The daily stock losses for each firm show a
fat tail. Then, we performed the Augmented Dickey–Fuller test. There was no unit root, and all the
series were trend stationary.
Table 2. Descriptive statistics of daily losses.
No. TickerSymbol Mean Std.Dev Max Min Skewness Kurtosis
1 000998 0.052 3.059 10.015 −10.028 0.212 2.590
2 002041 −0.013 2.823 9.106 −11.133 −0.360 2.760
3 300087 0.123 3.125 9.091 −11.088 −0.266 2.243
4 600108 −0.050 2.924 9.154 −11.176 −0.641 3.125
5 600313 −0.054 2.825 9.189 −29.418 −0.709 5.137
6 600354 −0.081 2.990 9.160 −11.271 −0.476 2.809
7 600359 −0.087 3.209 9.142 −11.158 −0.435 2.346
8 600371 −0.022 3.315 9.126 −11.144 −0.380 2.383
9 600506 0.0270 3.075 9.125 −11.148 −0.519 2.848
10 600540 −0.050 3.163 9.117 −11.170 −0.684 3.332
11 600598 −0.041 2.960 9.146 −11.155 −0.593 3.495
12 601118 −0.092 3.270 9.149 −11.176 −0.303 2.029
13 000592 −0.002 3.414 9.162 −11.172 −0.272 1.750
14 002200 −0.077 2.978 9.114 −11.134 −0.684 2.490
15 600265 0.032 2.445 9.124 −9.337 −0.299 1.267
16 000735 −0.054 3.015 9.170 −11.186 −0.376 2.749
17 002234 −0.003 3.339 9.133 −11.150 −0.274 1.839
18 002299 −0.044 2.449 9.528 −10.103 0.002 2.164
19 002321 −0.086 3.246 9.163 −11.155 −0.409 2.292
20 002458 −0.025 3.486 9.123 −11.137 −0.118 1.786
21 002477 0.009 2.959 9.127 −11.131 −0.317 2.533
22 002505 0.015 2.936 9.165 −11.196 −0.140 2.994
23 300106 −0.033 3.145 9.285 −11.135 −0.576 2.503
24 600965 0.027 2.918 9.133 −11.139 −0.243 3.204
25 600975 0.002 3.176 9.285 −11.162 −0.309 2.494
26 000798 −0.052 3.309 9.149 −11.145 −0.569 2.574
27 002069 −0.045 2.899 9.173 −11.143 −0.439 2.792
28 002086 −0.028 3.138 9.113 −11.140 −0.476 2.789
29 002447 0.009 2.972 9.209 −11.155 −0.922 3.829
30 300094 −0.021 2.797 9.119 −19.999 −0.672 4.446
31 600097 −0.045 2.559 9.111 −11.683 −0.401 3.379
32 600257 −0.042 3.134 9.151 −11.166 −0.404 2.496
4.3. Results
According to the method in Section 3.2, the shape and scale parameters ξˆi and βˆi were obtained,
as shown in Table 3. The average value of the dependency coefficient τ was 0.96, which means that
the risk dependency regarding the extreme values was strong among these firms. Our contention
is that agricultural firms exhibit very high-risk dependency with one another is their small scale of
business. As noted above, according to 2015 data from the National Bureau of Statistics of the People’s
Republic of China and China Securities Regulatory Commission, there are 1,204,724 firms but only
43 agricultural listed companies in the primary industry of China. There are far too few agricultural
listed companies, and their scale of business is also small. As a result, their risk resistance capacity and
market competitiveness are weak, as prior studies have demonstrated [51]. Therefore, when they face
a substantial risk (especially extreme situations), most are likely to suffer a tremendous loss.
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Table 3. Corresponding parameters.
No. Ticker Symbol Nu/n u ξˆi βˆi
1 000998 0.184 2.015 0.109 2.127
2 002041 0.096 3.164 0.033 1.792
3 300087 0.236 1.680 −0.260 2.938
4 600108 0.129 2.533 −0.000 1.844
5 600313 0.089 3.495 −0.112 1.745
6 600354 0.149 2.478 0.029 1.790
7 600359 0.217 1.806 −0.012 2.087
8 600371 0.242 1.628 0.0290 2.138
9 600506 0.096 3.434 −0.194 2.457
10 600540 0.147 2.596 0.099 1.753
11 600598 0.102 2.894 −0.077 2.256
12 601118 0.136 2.772 −0.255 2.884
13 000592 0.010 9.105 0.034 0.018
14 002200 0.095 3.678 −0.074 1.502
15 600265 0.089 3.122 −0.071 1.448
16 000735 0.160 2.191 0.005 2.064
17 002234 0.257 1.621 −0.075 2.409
18 002299 0.119 2.464 0.054 1.580
19 002321 0.141 2.719 −0.133 2.454
20 002458 0.268 1.325 −0.256 3.421
21 002477 0.118 3.167 −0.121 2.117
22 002505 0.144 2.307 0.0118 2.234
23 300106 0.097 3.103 −0.252 2.778
24 600965 0.205 1.666 0.137 1.806
25 600975 0.225 1.731 0.043 2.064
26 000798 0.209 1.920 −0.002 2.113
27 002069 0.100 3.0794 −0.196 2.406
28 002086 0.148 2.567 −0.005 2.077
29 002447 0.190 1.957 −0.061 1.911
30 300094 0.096 3.103 −0.165 2.176
31 600097 0.144 2.089 0.094 1.519
32 600257 0.242 1.537 −0.017 2.119
The dependency structure of losses among these four agricultural industries was obtained as
shown in Table 4. Differences in industry characteristics mean that there are also some differences in
the dependencies in these industries. Specifically, from an industry-level perspective, risk dependency
is strongest for the animal husbandry and fishery industries, which means that both animal husbandry
and fishery firms have the closest interaction in terms of extreme risk losses. From the perspective of
inter-industry concerning the relationship between different sectors, we see from Table 4 that animal
husbandry has the highest risk dependency with fisheries. The result in our study that risk dependency
is strong is consistent with that of Mu et al. [28].
Table 4. The dependency of risk losses among four industries (average value of dependence coefficients).
Agriculture Forestry Animal Husbandry Fishery
Agriculture 0.989 0.911 0.993 0.994
Forestry 0.911 0.969 0.893 0.912
Animal Husbandry 0.993 0.893 1 1
Fishery 0.994 0.912 1 1
To obtain the dependency structure, we transferred the dependency coefficient τ to distance d
according to the method in Section 3.3. We then obtain Figure 1, in which nodes represent agricultural
listed companies, labelled with their ticker symbols, and edges represent a dependent relationship
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between risk losses of two companies. As we can see from Figure 1, there are general associations
between these agricultural listed companies. The figure gives us an intuitive network representation
of the dependency structure. To further mine the most important information about the structure, we
then used Prim’s algorithm to obtain a Minimum Spanning Tree that covered all the firms without
loops, as shown in Figure 2. The structure of Figure 2 is more concise than that of Figure 1. In
contrast to Figure 1, in Figure 2, the total distance, which is the sum of edge weights (distance value)
is minimized. Then, we used the community structure of the network to analyse the dependency
structure of the risk losses we obtained. The community structure (characterized by two colours) is
shown in Figure 2. Two communities were identified: the first community includes the following
nodes: 000998, 300087, 600108, 600354, 600359, 600371, 600506, 600540, 600598, 601118, 000735, 002234,
002299, 002321, 002458, 002477, 002505, 300106, 600965, 600975, 000798, 002069, 002086, 002447, 300094,
600097, 600257, which are the nodes depicted in pink in Figure 2. The second community contains
the following nodes: 002041, 600313, 000592, 002200, 600265, which are the nodes depicted in green
in Figure 2. These two communities show that there might exist two mechanisms or functions to
describe the risk dependency among agricultural listed companies. In other words, the nodes within
same community have relatively consistent risk dependent relationships, such as the magnitude
of dependency.
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The results are summarized as follows. First, extreme risk losses of listed agricultural companies
are strongly dependent. This means that listed agricultural companies have very close relationships,
especially in the extreme situations. In other words, other agricultural firms would be directly and
immediately affected if one firm suffers huge losses. Second, the dependency structure of risk losses
among listed agricultural companies has hierarchical characteristics. According to the above analysis,
two communities were identified. This means that, although the external environment they face is
the same, some agricultural firms have closer relationships than other agricultural firms. The fishery
industry had stronger relationships with the agricultural industry and animal husbandry industry
than with forestry. In addition, the dependency extent of risk losses among some agricultural firms
was higher than among other agricultural firms. Third, some key nodes (key agricultural firms) were
identified as shown in Figure 2—for example, Yuan Longping High-Tech Agriculture Co., Ltd. (000998)
which is located in Changsha, Hunan Province, China and Shan Dong Denghai Seeds Co., Ltd. (002041)
which is located in Laizhou, Shangdong Province, China.
5. Theoretical and Managerial Implications
This study has the following theoretical and managerial implications. First, this study developed
a hybrid approach to explore the risk dependency of agricultural firms. We focused on modelling
the nonlinear depen ency of extreme losses. We expanded the application of the Copula theory into
the agricultural sector rather than only focusing on the financial sector. Moreover, we extended the
modelling of networks by utilizing the dependency coefficient to describe the relationship between
any two nodes in the graph, which provided an intuitive way to observe the dependent structure. In
addition, the acquisition of the risk dependency structure can provi e us with a new method to observe
economic relationships between agribusinesses from the perspective of losses in economic indicators.
Second, this study is beneficial for risk managers to grasp the risk dependency between two
firms or an entire agricultural economic system. From the perspective of the firm, understanding the
risk dependency between two firms can help to understand their resilience to risk. We believe that
risk resistance capacity is the main determinant of risk dependency. Those firms with a high level of
risk dependency could discuss and compare the similarities and differences in their risk strategies to
identify advantageous and disadvantageous approaches to risk management. They could then use
these findings to improve weaknesses in their risk management strategy and enhance their joint risk
resistance capacity. Our results show that the thirty-two agricultural listed co panies have a very high
risk dependency; therefore, e suggest that these agricultural listed companies should increase their
communication of knowledge on risk management and establish a common mechanism to resist risk.
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From the perspective of the government, analysing the risk dependency structure among
agricultural listed companies can facilitate the assessment of the overall risk tolerance of agricultural
listed companies in China. Our results indicate that the overall risk resilience of the thirty-two
agricultural listed companies is weak, meaning that the risk dependency is very high. If they
face a substantial risk, most companies will suffer a considerable loss. Therefore, we suggest that
the government should help the agricultural listed companies to improve their ability to combat
risk, thereby enhancing the firms’ market competitiveness. Certain policies, such as encouraging
financing among agricultural firms and expanding their financing channels, should further improve
their situation.
In addition, our network model of the risk dependency structure could help risk managers to
recognize the key information needed to implement a systemic risk management strategy. According
to the network analysis (community structure and centrality analysis), Yuan Longping High-Tech
Agriculture Co., Ltd and Shan Dong Denghai Seeds Co., Ltd play very important roles in the risk
dependency structure. Therefore, we suggest that risk managers should increase their risk monitoring
of these two firms and pay close attention to risk management activities for these firms, since they
could be regarded as a proxy for the agricultural sector’s risk resilience capacity. We contend that, if the
risk faced by agricultural firms exceeds what these two firms are able to absorb financially, the entire
agricultural sector would be subject to substantial turbulence. What makes them play this key role in
the dependency structure? We argue that their central role depends on their technological innovations.
For example, Yuan Longping High-Tech Agricultural Co., Ltd. is well known for its technological
innovations, and its leading role in technological innovations has been acknowledged [52]. Especially
in the context of the implementation of the "The Belt and Road Initiative", agricultural technological
innovation is critical for the overseas performance of Chinese agricultural firms. We agree that the
level of agricultural science and technology is an important factor in determining risk resilience
capacity. Therefore, we suggest that improving the competitiveness of firms is a critical way to
mitigate risk, and accelerating the technological innovation of agricultural firms is a key factor for
improving competitiveness.
6. Conclusions
Dependency studies regarding risk losses among China’s agricultural firms are of great
significance for the implementation of national macroeconomic policies and the formulation of firm
developmental strategies. In this paper, we developed a hybrid approach to analyse the potential risk
dependency among agricultural firms. Listed agricultural companies are the representatives of the
current advanced agricultural productivity, and their development is of great significance to China’s
transformation of the agricultural economic development mode, agricultural industrialization and the
accelerated development of modern agriculture. We studied thirty-two listed agricultural companies
as an example and determined their dependency structure of risk losses. We made three conclusions.
First, agricultural firms’ risk dependence is strong, and the average value of dependence coefficients
was 0.96. Second, the dependency structure was hierarchical and included two network communities.
Third, some key agricultural firms were identified in the dependency structure, and they are critical
for the transmission of the negative impacts across agricultural firms. Some actions, such as improving
the level of technological innovation and enhancing the joint risk resistance capacity, can reduce the
impact of risk dependency.
There are several limitations regarding the content of this study, and several future studies are
proposed to address these limitations. First, due to the importance of listed companies, we only
selected listed agricultural companies for empirical study. Therefore, our next step is to incorporate
small- and medium-sized agricultural firms, which will provide a more comprehensive understanding
about the risk dependency of China’s agricultural economic system. Meanwhile, the weights of firms
and the structure of each agricultural sector will also be considered. In addition, to simplify the
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measure of losses, we used stock data to conduct the empirical analysis. Therefore, the modelling of
losses of agricultural firms is another research direction.
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